In this study, we develop a technique to measure walking under noncontact conditions by using an ultrahigh sensitivity electrostatic induction technique. The results of walking measurements using this technique indicate that the detected electrostatic-induced current waveform exhibits a peak at the time of foot contact or detachment owing to walking. Based on these results, we construct a theoretical model in which an induced current is generated, and the correspondence relationship between walking and electrostaticinduced current is revealed. Furthermore, when comparing the walking signals of each participant, we used a scalogram obtained by performing a wavelet transformation on the walking signal. Person identification was attempted by learning the participant's scalogram using a convolutional neural network (CNN).
I. INTRODUCTION
To improve the quality of human life, measurements of human motion such as walking motion have been performed for many years. The central pattern generator (CPG) of the walking activity localized in the spinal cord is formed by training at the early gait stage of human childhood and is integrated with the central nervous system to obtain a unique gait pattern [1] . In particular, walking motion is one of the important basic motions among human motions. Therefore, methods for measuring several walking postures and walking parameters have been proposed. For example, analysis of walking motion is performed by a method using motion capture [2] . In recent years, studies have been conducted to compare optical motion capture with Kinect, to evaluate the appropriateness of performance [3] , and to study medical applications using Kinect [4] . Additionally, gait analysis was performed using inertial motion capture [5] and ultrawideband electromagnetic pulses [6] . In the field of clinical gait analysis, the force plate was used as one of the conventional methods of gait analysis [7] . In recent years, research has been done on instrumentation by incorporating a force plate into a treadmill [8] . However, force plates are expensive and inconvenient. Furthermore, they limit the placement of The associate editor coordinating the review of this manuscript and approving it for publication was Farid Boussaid. the foot during walking, thereby positively influencing the walking motion of the participant. To measure a walking signal, a wireless accelerometer can be attached to the participants' body to detect their daily motions [9] , [10] . Alternatively, a method has been proposed to measure walking motion by attaching pressure sensitive rubber to the insole of the shoe [11] . In recent years, the ground reaction force has been estimated during walking using a pressure insole [12] . However, in the methods described above, it is necessary to bring a marker or sensor into contact with the human body during gait measurement, and it has been difficult to measure gait parameters under non-contact and non-attached conditions. Meanwhile, research has been conducted on indoor tracking systems using ultrasonic distance meters [13] and high-resolution pressure-sensitive floors [14] . Also, in recent years, research has been conducted to use sensitive floors for indoor tracking and person identification [15] . Studies have also been made to detect human body motion by using static electric fields [16] or the human body as an antenna [17] .
Meanwhile, in gait recognition, analysis based on the silhouette of a walking motion is generally performed [18] - [20] . However, when measuring using one video camera, because there is always a blind spot for the camera, complicated measurements using a plurality of video cameras are required. Further, once this technique is established, it can be applied to contactless gait recognition without using a video camera. It has been established that the human body potential fluctuates with walking motion [21] . This phenomenon has been studied for many years as a problem of electrostatic discharge prevention that occurs with the increase in the electric potential of the human body. In these studies, when measuring the human body potential, the participant measures the potential associated with walking and stepping while they are grasping the contact-type electrode [21] . When the humidity of the air is low, the human body potential may rise to several kV due to triboelectricity. In addition, the material of the participant's footwear also affects the rise in human potential. Therefore, advanced bias technology is needed to enable direct measurement of human body potential fluctuations in a small range of potential changes of several tens of volts (owing to walking) in daily life. Therefore, we focused on the electrostatic induction technique that can measure gait movement under non-contact conditions by detecting changes in human body potential. By using this method, it will be possible to detect the participant's natural walking motion indoors and outdoors.
In recent years, studies have been made to detect a walking motion by attaching a capacitance sensor to a human body with a leg band [22] or incorporating a capacitance sensor array into clothing [23] . Therefore, research has been conducted to sense the position and movement of a person in a room by using a passive electric potential sensor [24] - [26] . In particular, Grosse-Puppendahl et al. performed person identification by using the standard SVM classifier, using the measurement data of the negative peaks of the human body potential generated when the foot leaves the floor during walking motion [26] .
In our previous study [27] , we proposed a method for the noncontact detection of walking motion from a position approximately 3 m away from a participant using an ultrasensitive electrostatic induction detection technique. In the proposed approach, the detected electrostatic induction current indicated that the peak was detected at the instant of ground contact and detachment of the participant's foot during a walking exercise. Using this method, it was shown that the characteristic unique to the individual existed in the electrostatic induction waveform induced by walking motion detected from different participants. Furthermore, person identification was attempted from the Pearson's correlation coefficient of the spectrum of the electrostatic induction current waveform induced by the walking motion of the participant. However, in the previous study, personal identification was attempted using the spectrum obtained by the fast Fourier transform (FFT) analysis of the walking signal waveform; hence, the information on the time variation component contained in the walking signal was lost.
Therefore, in this study, we attempted to identify individuals using an electrostatic current waveform induced by walking by using deep learning. In this study, we attempted to detect the electrostatic-induced current generated by the human body potential change of several 10 V arising from the walking motion of the participant using an ultrasensitive electrostatic induction sensor developed by us. We attempted to detect the walking motion of the participant by placing an ultrasensitive electrostatic induction sensor at a position approximately 3 m away from the participant without attaching any device to the participant. Consequently, we found that peaks occurred at the time of ground contact and detachment of foot owing to the electrostatic-induced current waveform detected with walking motion. Furthermore, by attempting to detect the walking motion of the participant using this sensor, we found that the characteristics of the electrostaticinduced current generated by the walking motion are unique to the individual. Therefore, in this study, when the walking signals of each participant were compared, a temporal change in the walking signal and frequency components was visualized using the scalogram obtained by performing a wavelet transform on the walking signal. Subsequently, by using deep learning through a CNN, individual identification was performed from the scalogram obtained by the walking motion of the participant. This paper is organized as follows. Section 2 describes the detection principles used in this study. Section 3 describes the details of the ultrasensitive electrostatic induction sensor and walking signal detection method using the sensor. Section 4 describes the walking signal waveform appearing in the electrostatic-induced current waveform and the scalogram obtained by the wavelet transform. Furthermore, it describes the discrimination result of the walking waveform obtained by using deep learning through the CNN. Finally, Section 5 presents the conclusions of this study.
II. PRINCIPLE OF ELECTROSTATIC INDUCED CURRENT DETECTION
The principle of this measurement technique can be explained using motion during walking as an example. In the previous work by the first author of this paper, the theoretical formula was derived considering the foot area of the participant as S [27] . However, the electrostatic current induced by locomotion should be explained more precisely by S c , which is the contact area between the sole and the floor, and S nc , which is the foot area that is not in contact with the floor. Therefore, the more precise results obtained for the electrostatic current induced by walking motion are shown below. It is known that the human body potential increases due to frictional charging during walking motion [21] - [26] . When the participant is wearing shoes and stands on a high resistance floor, there are two high resistance layers between the participant and the ground. One of these two high resistance layers is the participant's footwear and the other is the floor material. The capacitances formed by the sole material and the floor material are C s and C f , respectively. Then, the capacitance C sf formed between the human body and the ground can be expressed by the following equation [21] , [28] , [29] :
When the participant starts walking, an air gap is created between the sole and the floor. The capacitance created by this air gap is equivalent to that obtained by serially connecting the capacitance, C sf , with an additional capacitance, C x :
where ε a is the permittivity of the air gap between the sole and the floor surface; ε f is the average dielectric constant of the material from the floor surface to the ground; x is the distance from the ground to the sole; x 0 is the distance from the ground to the floor surface; S c is the contact area between the sole and the floor surface; S nc is the peeling area between the sole and the floor surface. Therefore, the capacitance C B of the human body during the walking motion can be expressed as follows:
Furthermore, the electric potential, U B , of the human body during the walking motion can be expressed as follows:
where Q B is the instantaneous electric charge on the human body during walking. The induced electric charge Q of the measurement electrode placed at a certain distance from the participant can be expressed as follows:
where C is the capacitance between the human body and the surface of the measurement electrode; V is the electric potential of the measurement electrode. From the abovementioned equations, the electrostatic induction current, I , flowing through the measurement electrode can be expressed as follows:
By differentiating the right-hand side of Eq. (6), the following equation is obtained:
It is well known that the human body can be regarded as a conductor electrostatically. The first term on the righthand side of Eq. (7) , which represents the electrostatically induced current, represents the current component due to the movement of the participant's foot after the foot has left the floor. This first term is proportional to the vertical component of the speed of foot movement. The second term of the right-hand side of the Eq. (7) is a current component that is proportional to the time derivative of the area S nc in which the sole is separated from the floor surface during the walking motion. Furthermore, the third term on the right-hand side of Eq. (7) is a current component that is proportional to the time derivative of the contact area S c between the sole and the floor.
Because the average permittivity of the material from the floor surface to the ground is several times larger than the permittivity of air, the third term on the right-hand side of the Eq. (7) contributes more to electrostatic induction current than the first and second terms. Therefore, when the foot sole leaves the floor, the foot sole contact area S c decreases and the time differentiation of S c becomes negative; therefore, a positive peak is detected in the electrostatic induction current. Meanwhile, the third term of Eq. (7) indicates that when the foot sole is in contact with the floor, a positive peak is detected in the electrostatically induced current, conversely. Therefore, when the human body potential fluctuation due to the walking motion occurs around the electrostatic induction sensor, the walking motion of the participant can be measured under non-contact conditions. In other words, Eq. (7) shows that the signal of walking motion is mainly caused by a signal that is proportional to the time derivative of the plantar contact area. When using a potential sensor to detect walking motion, it is possible to detect a phenomenon in which the steady-state value of the human body potential increases with walking motion and is saturated. However, in the method proposed in this study, the electrostatic induced current transiently induced in the sensor electrode is detected due to the fluctuation of human body potential due to the walking motion. Therefore, it is not affected by the saturation of the human body potential due to the triboelectric effect between the floor and the sole.
III. EXPERIMENTAL METHODS
Before describing the experimental method, we will compare the potential measurement sensor used in references [24] - [26] with the method proposed in this study. Figure 1 (a) and (b) show the circuit diagram of the potential measurement sensor and the electrostatic induction sensor used in this research, respectively. The potential sensor in (a) is basically a voltage amplification circuit, and the function of the bias makes it possible to detect small potential fluctuations. By using this sensor, it is possible to constantly detect the absolute value of the potential. In contrast, the electrostatic induction sensor in (b) is a conventional current to voltage converter. However, the feature is that the feedback resistance is very large. By using this sensor, transient induced current flow is detected when the potential changes around the sensor. In other words, this sensor can detect a signal proportional to the time derivative of potential fluctuation. Therefore, no signal is output if there is no potential fluctuation around the sensor. Also, even if the potential fluctuation quasi-statically fluctuates, the signal cannot be detected. We believe that such differential sensors are effective in detecting human movement.
An electrostatic induction sensor was fabricated to detect the electrostatic induction current induced by the human body potential fluctuation caused by the walking motion of the participant. Due to the change in human body potential caused by the walking motion of the participant, a current of about several pA is induced to the electrostatic induction current detection electrode built in this sensor. In this study, a copper electrode of 2 cm square and 1 mm thick was used as an electrode for electrostatic induction current detection. The electrostatic induction current was converted to a voltage by a current to voltage conversion circuit using an operational amplifier (LMP7721 manufactured by Texas Instruments). In addition, data was acquired via an analog-to-digital conversion at a sampling frequency of 100 Hz. In addition to the electrostatic induction current induced by walking motion, the electrodes are greatly affected by induction noise from commercial power sources. Therefore, to reduce noise due to the commercial frequency contained in the electrostatic induction current, a notch filter of 60 Hz and a low-pass filter of 20 Hz cutoff frequency were used after the current to voltage converter. The walking signal detected by the electrostatic induction sensor was wirelessly transferred to a personal computer using XBee.
In this research, to convert very weak current to voltage, the feedback resistance of the operational amplifier was 3 T . For such measurements with high input resistance, a conventional guarding method is imperative for shielding used with an operational amplifier; this prevents stray currents from entering sensitive nodes. Sensitive node is surrounded by a guard conductor that is kept at the same electric potential as the sensitive node. In this way, we detected walking signals of participants about 3 m away. The measurement accuracy of the sensor depends on the ambient noise conditions, but in a typical laboratory without a large noise source, it can be detected with ± 2.7% error at a detection distance of 3 m of data acquisition. Using a notch filter to remove the commercial frequency enables stable measurement without being affected by noise. However, if a personal computer or other measurement equipment is in near the sensor, it may be affected by noise. A photograph of the sensor device used in this experiment is shown in Fig2. To enable wired measurement, this sensor has an input BNC connector for external electrodes and a BNC connector for output. In this study, data was collected wirelessly using XBee. An electrode for electrostatic induction is disposed below the base.
In this study, the walking motions of six healthy men (22 to 24 years old) were detected. An ultrahigh sensitive electrostatic induction sensor was fixed to a tripod and it was placed 1 m from the floor. This sensor was placed in the center of a circle of radius 3 m, and the participant walked along the circumference of the circle at his own natural pace for 5 min. Using this method, the walking signal of the participant was detected continuously with almost constant intensity. All participants wore the footwear (shoe sole made up of urethane) and walked on polyvinyl chloride (PVC) floor. The participants wore an athletic shoe with a urethane shoe sole. In addition, we confirmed experimentally that the flow of wind and air owing to air-conditioning does not affect the measurement of the electrostatic-induced current. The experiments were conducted in a laboratory at a temperature of 25.1 • C to 27.2 • C and a relative humidity of 51% to 57%.
In this study, first, the correlation between the peak of the electrostatic-induced current waveform generated by walking motion, and the contact and separation timing of the foot and floor were clarified by experimentally using an accelerometer. To measure the acceleration of the foot during the walking motion of the participant, a wireless acceleration sensor (WAA-006 manufactured by ATR-Promotion Company Ltd.) was attached to the ankle of both legs of the participant. The XYZ acceleration, i.e., of three axes, can be measured; however, in this study, only acceleration in the Z axis perpendicular to the floor was detected and compared with the electrostatic-induced current waveform. The Z axis was installed such that the vertical direction from the floor is positive. Person identification was performed by learning the electrostatic-current induced by walking motion using deep learning.
IV. RESULTS AND DISCUSSIONS
The relationship between the contact/separation timing of the foot and the floor of the participant and the peak appearing in the electrostatic-induced current waveform is described first. Subsequently, a scalogram obtained by performing a wavelet transform on the electrostatic-induced current waveform is described. In addition, we present the identification result obtained from deep learning using the scalogram as learning data.
A. RELATIONSHIP BETWEEN TIMING OF PEELING OFF THE FLOOR AND PEAK OF ELECTROSTATIC-INDUCED CURRENT
The lower panel of Fig. 3 shows the waveform of the walking signal detected using the electrostatic induction sensor and the waveform obtained by a simultaneous measurement with the wireless acceleration sensor attached to the ankle of both legs of the participant. We performed time synchronization between the accelerometer and the electrostatic induction sensor using the signal obtained by quickly moving the participant's foot off the floor. The acceleration waveform shown in the lower part of this figure is positive in the direction perpendicular to the floor. In the acceleration waveform shown in the upper panel of Fig. 3 , the acceleration of the left foot is offset by 40 m/s 2 to describe the acceleration waveforms of the left and right feet in the same figure. The positive peak of the acceleration waveform is confirmed by a high-speed video camera (EX-SC100 manufactured by CASIO); it occurs when the foot separates from the floor.
This figure shows the walking phase of the left foot obtained based on high-speed camera images. A positive peak is detected in acceleration because the foot begins to leave the floor at the beginning of the swing phase. As predicted from Eq. (7), the electrostatic induction current detects a positive peak when the foot is off the floor. From this result, it was experimentally revealed using an acceleration sensor that the positive peak detected in the electrostatic induction current waveform occurs when the foot is separated from the floor.
The acceleration waveform shown in the lower part of this figure is positive in the direction perpendicular to the floor. In the acceleration waveform shown in the upper panel of Fig. 3 , the acceleration of the left foot is offset by 40 m/s 2 to describe the acceleration waveforms of the left and right feet in the same figure. The positive peak of the acceleration waveform is confirmed by a high-speed video camera (EX-SC100 manufactured by CASIO); it occurs when the foot separates from the floor.
B. WALKING SIGNAL WAVEFORM AND SCALOGRAM USED FOR DEEP LEARNING
In our previous research, frequency analysis was performed and a spectrum was used when individual identification was performed based on the walking waveform obtained by electrostatic induction [28] . However, when FFT was used, the time axis information included in the electrostaticinduced current waveform was lost. Therefore, in this research, we decided to use a scalogram obtained by wavelet transformation instead of a spectrum for personal identification. We conducted a preliminary research and attempted to evaluate similarity using A-KAZE implemented in OpenCV; however, we could not obtain good discrimination results. This is because the walking signal is a periodic signal; therefore, it is assumed that a similar local feature amount occurred periodically. The top panel of Fig. 4 is a typical walking signal waveform. To measure the waveform for deep learning, the participant walks on the circumference of a circle of radius 3 m around the sensor; the walk signal shown in the top panel of Fig. 4 is almost uniform and stable. The lower panel of Fig. 4 .
When the distance between the electrostatic induction sensor and the human body is within 50 cm, the capacitance formed between the human body and the sensor electrode changes transiently when the participant moves the hand. Also in such a case, the electrostatic induction current is transiently detected in the sensor electrode. In this research, because the distance between the sensor and the human body is 3 m, the signal detected by the electrostatic induction sensor is only the current due to the walking motion is shown in Eq. (7) in section II. Accordingly, the waveform shown in the upper part of Fig. 4 is attributable to the time derivative of the foot sole contact area on the third term of the right side of the Eq. (7) . Also, the participant's height and weight do not affect the detection of electrostatic induction current.
In this study, the mother wavelet function used in the wavelet transform was the complex Morlet function. The vertical axis shows the motion-induced frequency change on a logarithmic scale. By performing wavelet transformation, the change in frequency with respect to the participant's motion can be visualized easily. The vertical axis shows the walking-motion-induced frequency change on a logarithmic scale. In addition, the signal intensity is expressed by color gradation, and a warm color indicates strong signal intensity. The obtained scalogram shows a periodic frequency pattern corresponding to the walking signal. By performing the wavelet transformation, the change in frequency with respect to the participant's walking motion can be visualized easily. The strong signal corresponding to 1.85 Hz of the scalogram in the lower part of Fig. 4 is due to one walking cycle. Figure 5 shows the scalogram plotted for six participants. The scales on the horizontal and vertical axes in Fig. 5 are the same as those in Fig. 4 . To demonstrate the reproducibility of the waveform, three motion detection results obtained for each participant are shown adjacent to each other. The three scalograms have shown to confirm repeatability are based on walking waveforms detected on different days. The comparison of the three scalograms obtained for each participant revealed similar patterns of frequency change. This proves that the variations in the participant's motion can be detected with good reproducibility using the proposed method. Furthermore, interesting findings were observed when comparing the scalogram patterns between each participant. A unique pattern was observed in the walking signal of each participant. As mentioned in Chapter 3, the participants wore the same footwear during the measurements, and these scalograms did not reflect differences in footwear. These results indicate that the participant's walking motion includes individual-specific features. It has been confirmed that the temperature of the measuring room and the participant's clothing do not affect the measurement of the electrostatic induction current. However, it is known that the humidity affects the intensity of the electrostatic induction current.
The electrostatic induction current waveform includes both participant-specific gait and the effects of shoes. In the same participant experiment, it is confirmed that the shape and material of the shoes affect the electrostatic induction current waveform. Additionally, it is becoming clear in our research that the shape and material of shoes have some influence on the walking movement. The influence of differences in shoe shape and material on electrostatic induction current waveforms will be clarified in future research.
C. IDENTIFICATION BY DEEP LEARNING
As shown in the previous section, in the scalogram of the walking signal, a characteristic pattern peculiar to the individual appears. Therefore, personal identification using the scalogram of the walking signal was attempted. The authors tried to identify individuals by deep learning using a CNN. In this research, Chainer was used. This framework allows for various types of neural networks such as convolution and recursion to be implemented with flexible notation. Further, this framework can dynamically generate the data structure necessary for back propagation at program execution.
The following explains how to prepare learning data. First of all, walking data is extracted 500 pieces of data corresponding to 5 seconds with a shift width of 0.5 s and wavelet transformed to obtain scalograms. The size of the scalogram image thus obtained is 460 × 600 pixels. Next, an image of 460 × 460 pixels is cut out from the center of this image. In this way, it is possible to eliminate the end distortion that appears in the low-frequency region of the scalogram. At this time, 460 pixels on the horizontal axis of the scalogram correspond to about 3.8 s. Furthermore, the scalograms obtained by reducing 460 × 460 pixels to 100 × 100 pixels were used as learning data. It has been confirmed that there is almost no loss of information due to this reduction. This is because 100 pixels on the horizontal axis of learning data corresponds to about 3.8 s, which corresponds to about 26 pixels per second. In this research, human body motion is detected using a low-pass filter with a cutoff frequency of 20 Hz, so there is no loss of information in the image due to reduction.
The number of learning scalogram image data of each participant was 200, and 1200 pieces of image data were used as learning data. The batch size of deep learning used in this study was 50. The batch size indicates the number of learning scalograms to be used for one learning. This study defines the convolution of a four-layer neural network. Although the original scalogram is a scalogram of 460 × 600 pixels, an image of 460 × 460 pixels extracted from this scalogram and converted into a 100 × 100 pixels image was used as the learning image data. The numbers of filters in the convolution layer of each layer was 16, 32, 64, 128 from one to four layers, respectively. Further, the filter size of each convolution layer was 5. The activation function used the ReLU and the maximum value pooling was 2 × 2. Adam was used as an optimization algorithm for learning. The block diagram of the CNN used in this study is shown in Fig. 6 . The trends of learning accuracy and learning loss performed in this study are shown in Figs. 7 and 8 , respectively. In these figures, the epoch number represents the number of times of learning, and the data shown in blue express the learning accuracy and learning loss of the learning data. In these figures, the data indicated in green indicates the result of verification using the verification data not used for learning. As shown in these learning results, in the epoch number 20, the learning accuracy reaches 99% or higher, and the learning loss is sufficiently small. Using the learning results obtained in this manner, person identification was performed using the scalogram images of the walking signals of six participants. In this research, the result that deep learning has high convergence is obtained because the scalegrams used as learning data do not contain large noise.
To verify the learning result, we used 150 scalograms for each participant. In Fig. 9 , the probability of the verification output result of 150 participants of each participant is represented by a bar graph and the variation of probability is represented by an error bar. Table 1 shows the discrimination results of 150 scalograms of each participant. In this table, the probability of correct classification of each participant and the probability of error classification are shown. This result shows that the average value of the probability of a correct classification of each participant is greater than 95%. One of the reasons for enabling high classification is that the walking motions of the participants in this experiment had strong unique characteristics. If there are participants whose walking motion characteristics are similar to each other, the classification accuracy will be reduced.
To verify the validity of identification using CNN, 4-fold cross validation was performed using both 1200 (200 × 6) images for CNN training and 900 (150 × 6) images for validation. Consequently, the average score of the probability of correct classification was 92.7 %.
When using edge devices such as the Raspberry Pi to classify by the CNN, a large load is placed on the device when imaging a scalogram obtained by wavelet transform of the walking signal. However, if the LSTM can be used, the load will be greatly reduced and near real-time classification will be possible. Therefore, we tried to check the classification performance using the LSTM. To verify the performance of classification using the LSTM, identification was performed using a neural network consisting of an input layer, an LSTM layer with 1024 hidden units, two total connection layers, and an output layer. The number of input data is 500 (5 s), and the shift width of data segmentation is 0.5 s. Learning was performed using a total of 1200 learning data, with 200 learning data for each participant. The batch size was 50, and the activation function used the ReLU function. The learning accuracy during learning and the trend of the learning loss are shown in (a) and (b) of Fig. 10 , respectively. Verification was performed using 150 pieces of verification data for each participant. Consequently, the average value of the identification probability obtained by 4-fold cross validation was 88.5%.
In reference [26] , person identification is performed by detecting a change in human body potential associated with walking motion. Their method is to measure the change of the human body potential accompanying the walking motion of the participant using an electric potential sensor (EPIC sensor). Then, the negative peak of the human body potential when the participant lifts the foot from the floor is used as a step signature to realize person identification. Our proposed method does not directly measure changes in human body potential associated with walking. In the approach proposed in this study, the electrostatic induction current that is transiently induced by changes in human body potential due to walking motion is detected. Therefore, the advantage of this approach is that the signal can be detected directly corresponding to the time derivative of human body potential. This is because the characteristics of gait signals are emphasized by time differentiation of potential changes. This makes it possible to obtain a signal with more emphasis on personal walking characteristics than the human body potential signal. The disadvantage of this approach is that it cannot measure the absolute value of human body potential fluctuation. It is not impossible to estimate the human body potential with the proposed method, but it takes a lot of effort. If we want to measure the absolute value of human body potential fluctuation, we need to use an electric potential sensor.
V. CONCLUSION
At the instant of foot contact or withdrawal during the walking motion, an electrostatic-induced current was generated at the electrode located near the participant. A scalogram was obtained by performing a wavelet transform on the electrostatic-induced waveforms of multiple participants using a noncontact measuring technique of walking motion using an ultrasensitive electrostatic induction technique. Using these scalograms, we concluded that individual identification is possible by using deep learning with the CNN and the LSTM. In the future, we will increase the number of participants and verify the effectiveness of our method.
KOICHI KURITA received the B.E. degree in applied physics from the Tokyo University of Science, Tokyo, Japan, in 1981, and the M.E. and D.E. degrees in material engineering from Hiroshima University, Hiroshima, Japan, in 1983 and 1987, respectively.
From 1988 to 2007, he was with Research and Development Center, Mitsubishi Heavy Industry Ltd., Hiroshima, where he was engaged in research and development on the optical and the electrical sensing systems. From 2008 to 2011, he was with the Department of Electrical Engineering and Information Science, Kochi National College of Technology. In 2012, he moved to the Faculty of Engineering, Kindai University, where he is currently a Chair Professor. His research interests include the development of noncontact human body sensing systems and nondestructive inspection systems.
Prof. Kurita is a member of the Institute of Electrical Engineers of Japan, the Japan Society of Mechanical Engineers, the Japan Society of Applied Physics, the Institute of Electronics Information and Communication Engineers, and the Society of Instrument and Control Engineers.
SYOTA MORINAGA was born in Kagoshima, Japan, in 1997. He received the B.S. and M.S. degrees in electronic engineering from Kindai University, in 2017 and 2019, respectively.
Since 2019, he has been with Clarion Company Ltd., Japan. His research interest includes the noncontact detection technique of human body motion using electrostatic induction, especially walking motions and sign language motions of the human body and human motion identification technique using deep learning.
Mr. Morinaga is a member of the Institute of Electrical Engineers of Japan, and the Society of Instrument and Control Engineers. He was a recipient of the Excellent Paper Presentation Award of the 2018 Japan Electrical Society National Convention. VOLUME 7, 2019 
